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Introduction
Because SAR can operate independent of weather conditions and sunlight to provide two-dimensional backscatter information over the sea surface, it is particularly useful to derive two-dimensional surface wave information. This information is generally not easily acquired by in situ buoy measurements. There are few data available from directional wave buoys in the open sea. Most measurements are from locations near the coast and are often just frequency spectra that lack directional information.
Although numerical wave models may produce directional wave information, wave models are not perfect as their quality is limited by the model configuration and the input wind forcing.
The European Remote Sensing Satellite (ERS-1/2) and the Environmental Satellite (ENVISAT), launched in 1991, 1995 and 2002, respectively , have provided SAR Wave Mode (WM) data on a global and continuous basis. These data are particularly valuable in validating global wave models and in improving wave forecast through assimilation approaches.
The basic principles of SAR imaging of the ocean surface were discussed in Alpers et al. (1981) and Hasselmann et al. (1985) . According to the latter article, three processes contribute to ocean wave imaging by SAR systems: (i) hydrodynamic modulation, whereby the amplitude of the capillary waves is modulated by long waves; (ii) tilt modulation, whereby the sea surface slope is changed by long waves. Both modulations are recognized as linear modulations for Real Aperture Radar (RAR); and (iii) the Doppler shift in the return signal produced by the long wave orbital velocity, which leads to the azimuth displacement of scatter elements in the image plane. The density of the scatter elements varies in the azimuth direction and thus produces a wave-like pattern in SAR images. This effect (known as velocity bunching) plays an important role in wave components travelling in azimuth directions, see as well Lyzenga et al. (1985) .
In addition to the modulations mentioned above, the effect of foreshortening can also contribute to the wave-like pattern visible in SAR images, as first pointed out in Gower (1983) . This effect, also referred to as 'range bunching', was the subject of theoretical investigations in which it was found that the range bunching depends on the local wave height and that it can enhance the tilt modulation up to 50% in high sea state (Ouchi 1988 ).
An initial derivation of the full two-dimensional ocean wave spectra from SAR imagery is published in Hasselmann and Hasselmann (1991) at the Max-Planck Institute (MPI) for Meteorology; they were then refined by Krogstad (1992) and further upgraded by Hasselmann et al. (1996) . The scheme involves taking prior information from a numerical wave model as an additional input to overcome the 180 directional ambiguity of wave travel and supplement the missing SAR information beyond the azimuthal cut-off. An assessment of the quality of the retrieval wave spectra and the operational feasibility of this scheme was presented in Heimbach et al. (1998) ; these authors used 3 years ' worth (1993-1995) of ERS-1 SAR WM User WAve (UWA) spectral data (i.e. SAR image spectrum; see Brooker 1995) . Validation results indicate that approximately 75% of the SAR WM spectral data were converted to successful retrievals. A small overestimation of less than 0.5 m for significant wave height (SWH) by the MPI was observed when compared to the WAve Model.
Using the additional phase information in the SAR single look complex data, the SAR look cross spectra (SLCS) are used to eliminate directional ambiguity. Applications of the SLCS approach for wind and wave measurements have been investigated using the reprocessed ERS-2 SAR WM data (Lehner et al. 2000 , Li et al. 2008 . From the ENVISAT mission, the SLCS data are provided operationally as the ASAR WM level-1b product, termed WVS.
A scheme for retrieving ocean wave spectra without directional ambiguity based on airborne SAR cross-spectral data has been suggested by Engen and Johnsen (1995) . This scheme is as used to extract two-dimensional wave measurements operationally 4970 X. Li et al. from the ENVISAT ASAR WM data (Chapron et al. 2001) and deliver it to users as the standard level-2 product, WVW. Over the open water, the SAR/ASAR instruments are operated in WM whenever no other operation is requested. In WM, the SAR sensor collects data to form small images of 10 km Â 5 km every 200 or 100 km along the satellite's orbit. These WM data offer global coverage and have received considerable attention in the development of SAR inversion algorithms and data assimilation, particularly when the data and high-level product (WVW) are provided operationally in the ENVISAT mission.
Global validation of WVW product wave measurements have been carried out at various weather centres such as the European Centre for Medium-Range Weather Forecast (ECMWF) (Janssen et al. 2007 , Abdalla et al. 2008 ) and the UK Met Office (Li and Holt 2009) . As previously pointed out the WVW inverted wave spectra are not full two-dimensional ocean wave spectra, but they are limited by the so-called azimuth cut-off wavelength (typically longer than 200 m). Therefore, one has to restrict the comparisons to the inner part of the spectrum only, e.g. by comparing the swell wave height (H 12 ) to other observations or numerical wave models.
Comparisons indicate that the inverted WVW wave height is variable, with higher scatter indices of 44.8% (Janssen et al. 2007 ) and 46.9% (Abdalla et al. 2008 Using the numerical wave model run by the UK Met Office as a 'bridge' measurement, the sub-range wave height (SRWH) extracted from ASAR WM WVW products has been compared with data from three buoys (in Christmas Island, where long swell is expected, in the Gulf of Mexico, where only wind sea is expected, and near Cape San Martin, under mixed-wave conditions) (Li and Holt 2009) . Validation exercises show that the quality of WVW product is worst for the range of wave period of 8-5 s, which is reasonable considering short waves are not resolved by the sensor. The 16-11 s bin shows relatively good agreement with the model results of UK Met Office. However, spurious wave energy is observed for waves with a longer period of 23-16 s.
To remove the strong variance of inverted wave height, the ASAR WM inversion algorithm was upgraded (Johnsen and Collard 2006) ; the upgraded algorithm has been in use since late October 2007. In a recent annual report of long-term quality assessment of WVW products (Johnsen and Collard 2009 ), H 12 derived from the WVW products acquired during November 2007 to December 2008 was compared to buoy measurements. The RMSE and bias are 0.88 m and 0.16 m, respectively. The results changed to 0.66 and 0.32 m when taking into account only data acquired in weather conditions with wind speed below 10 m s -1 . When using a bias-extracting model given in Collard et al. (2009) , the RMSE decreased to 0.35 m compared with buoy observations, due to the use of an even stronger restriction on wind speed (U 10 has to be below 8 m s -1 ). Thus, assessment and validation of the quality of WVW products has shown that the inverted spectra are not available as full two-dimensional ocean wave spectra but are limited to the cut-off. The integrated wave parameters present the sea state resolved within the cut-off of the ASAR sensor and for cases of low wind speed. As a potential higher-level product of ASAR WM, it was suggested that the PARSA scheme (Schulz-Stellenfleth et al. 2005) is to be used to retrieve full twodimensional ocean wave spectra using the SLCS as an input in addition to first guess information. This method is particularly valuable for the validation and assimilation of numerical wave models. For validation of PARSA spectra with large entries, we do
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4971 not compare the spectra directly to other observations; instead we use the integrated wave parameters, including SWH, mean wave period and mean wave direction, to quantify the quality of inverted wave spectra. The paper is structured as follows. In the second section, relevant datasets used for the validation study are introduced. In the third section of the paper, we present brief information on the non-linear mapping function of ocean wave spectra into SAR image spectra. This mapping function is also a basis used for generating the WVW products from the ASAR WM data. In the fourth section, we conduct the validation and intercomparison of the PARSA scheme and WVW products, by comparing integral wave parameters and individual inverted spectra to other observations, and present the results of these exercises. The conclusions and outlook are summarized in §5.
Description of relevant data
ASAR WM cross-spectral data, i.e. Level-1b WVS, are used as the input for the PARSA inversion scheme.
Some oceanic or atmospheric features such as oil slicks, sea ice, and atmospheric boundary roll are visible on ASAR WM data but are not relevant to measurement of ocean surface waves and may influence the SAR inversion results. Therefore, preprocessing using a homogeneity test (Schulz-Stellenfleth and Lehner 2004 ) is applied to exclude the inhomogeneous WM data and the corresponding inverted PARSA spectra. The ESA ASAR WVW products provide inverted two-dimensional ocean wave spectra on a log-polar grid with 24 wavelengths and 36 directions. The integrated SWH is also provided in the measurement dataset (MDS) of the WVW product.
The match-up dataset used to assess the quality of PARSA inversion spectra and the ESA WVW products, are collected from the ECMWF reanalysis wave model, the independent Deutscher Wetterdienst (DWD) forecast wave model, in situ buoy measurements and cross-over measurements from the radar altimeter (RA). 
Match-up dataset for validation
In addition to the input of SAR cross-spectral data, the PARSA inversion scheme also requires prior information, e.g. from numerical wave models. In this exercise, we choose the ECMWF reanalysis wave model results as the first guess information. The matched up ECMWF reanalysis wave model was acquired through the CERSAT collocation system with spatial and temporal resolution of 1.5 and 6 h, respectively. We also collected the match-up dataset from the DWD forecast wave model, which is provided with 0.75 grid resolution and 3-h intervals. Although they differ in their model configurations and forcing wind fields, the ECMWF and DWD wave models both use the third generation WAve Model (WAM; WAMDI Group 1988) of version cycle 4 (Gü nther et al. 1992) . It is worth noting that the ECMWF reanalysis wave model used for validation has already been assimilated with RA and ASAR WM cross-spectral data. The DWD wave model gives the forecast results. Only scatterometer data have been routinely assimilated into the atmospheric model used to force the WAM model. Due to the contribution of increased observations for sea state and surface wind field provided by satellites (e.g. RA, SAR and Scatterometer observations), the accuracy of the forecast numerical wave model has improved considerably (Janssen 2008) . Figure A1 in Appendix 1 shows a map of 77 buoys used for validation. Most of the buoys are deployed by the NOAA National Data Buoy Center (NDBC) and the Environment Canada Marine Environmental Data Service (MEDS). The names, longitudes and latitudes of these buoys are given in table A1.
RA measurements of SWH derived from Geosat Follow-On (GFO) and JASON are used as independent validation sources.
PARSA retrieval approach
The PARSA scheme is described to derive the complete two-dimensional ocean wave spectrum from SAR WM data with prior information obtained from a numerical wave model, e.g. the WAM model. Thus, the retrieved results present the best available estimation by making use of both SAR and numerical wave model information. This is essential not only for practical applications in marine design, but also for an understanding of ocean wave physics, as well as for the assimilation of numerical forecast wave models. The scheme is available for ERS-2 SAR and ENVISAT ASAR WM data and also has potential value for use with data from ESA's future Sentinel-1 mission.
The cross-spectra estimated from SAR complex data are used as input for the PARSA scheme. The basic principles and estimation of SAR cross spectra are introduced in the following section.
SAR cross spectra
A SAR requires a finite period of time, on the order of 1 s (e.g. for C-band SARs), to collect data forming the synthetic aperture. As such, individual looks can be extracted from the Doppler spectrum during the integration time or aperture synthesizing period. Propagation of ocean waves during the short period can be resolved by taking advantage of the phase information in different looks; for instance, the 180 ambiguity of ocean wave travel direction can be eliminated using the SLCS approach Johnsen 1995, Lehner et al. 2000) .
PORSEC 2008 4973
The SAR cross spectrum F Át I 1 ;I 2 is defined as the Fourier spectrum of the cross covariance function r I 1 ;I 2 of two SAR looks with separation time Át
The cross spectrum is a complex valued function with symmetric real and antisymmetric imaginary parts. The positive peaks of the imaginary part indicate the propagation direction of the waves. Two individual looks derived from one ERS-2 SAR WM imagette acquired on 28 November 1998 over a North Pacific storm (Li et al. 2008) 
Non-linear mapping of ocean wave spectra into SAR cross spectra
An integral transform relates the ocean wave spectrum F k to the SAR cross spectrum of the two looks I 1 , I 2 with separating time Át as defined in Engen and Johnsen (1995) :
The formula for F Át I 1 ;I 2 was already given in (1). Here,b ¼ R=V is the ratio of slant range (R) to platform velocity (V), k x is the azimuth wave number component and the cross-covariance functions f v ; f Rv ; f R are defined as follows:
When Át is equal to zero for SAR intensity data, (2) describes the non-linear transformation as introduced in Hasselmann and Hasselmann (1991) . The SAR transfer function T s is given by:
T R is the RAR modulation function, including tilt modulation, hydrodynamic modulation and range bunching.
If one expands only the integral part in (2) to a linear order, then the remaining leading exponential factor yields the quasi-linear transform as given by:
The simulated SAR cross spectrum used in the PARSA inversion is calculated according to the non-linear transformation given in (2).
PARSA retrieval strategy
The PARSA inversion scheme requires first guess information, e.g. from the numerical wave model WAM, and uses complex information of SAR data to eliminate the ambiguity related to the direction of wave propagation. Details on the structure and numerical procedure of the inversion scheme were outlined in Schulz-Stellenfleth et al. (2005) . In the present paper, only the main points of the PARSA scheme are provided as a general overview. Compared to the non-linear MPI inversion scheme, PARSA has several additional features.
l In addition to the three parameters used to adjust wavelength (or wave number), wave energy and propagation direction in the different wave systems in the prior spectra, another parameter is used to describe the directional spreading of wave systems.
l The algorithm is based on explicit models for the measurement error, errors in the forward mapping model, and uncertainties in the prior wave spectrum.
The following model is used in the PARSA approach for derivation between the simulated and observed cross spectra due to errors in the SAR imaging model:
a 1 describes errors in the overall energy level of the spectrum. a 2 describes uncertainties in the SAR ocean wave forward model and e F is regarded as the error due to the estimation of the SAR cross spectrum.
3.3.1 Uncertainties in the prior wave spectrum. The approach uses the SAR information to adjust parameters such as wavelength, wave height, propagation direction and directional spreading in the prior spectrum F k from the numerical wave model, e.g. the WAM model.
Considering that F k can be split into n p different sub wave systems S i using a partitioning scheme, a stochastic model with vector ðX i E ; X i k ; X i F ; X ÁF Þ is used for each sub wave system to quantify the confidence of wave height (energy), wavelength (wave number), propagation direction and directional spreading (the same for all subsystems). Therefore, a partitioned prior spectrum S i is given on a polar grid (k, F), and the corresponding processesS i can be written as
The algorithm makes use of the phase information contained in the SAR cross spectrum to resolve ambiguities in the direction of wave propagation. The inversion scheme is capable of blending SAR information (cross spectrum, F k ) and the wave model spectrum (F k ) in a consistent way based on a maximum posterior approach which maximizes the conditional probability of the retrieved wave spectrum given the SAR measurement and the prior information. Using Bayes theorem the respective probability density function (pdf) can be written as
The symbol a represents a set of uncertain SAR ocean wave imaging parameters, as introduced in (6). A flowchart for the inversion scheme is given in figure 3 . The first step for the inversion scheme is to decompose the prior wave model spectrum F k into different wave systems, e.g. windsea and swell, by using the transformation given in (7). The maximum posteriori approach is equivalent to a cost function minimization, which is solved using an iterative approach to estimate an ocean wave spectrum such that the respective simulated cross spectrum as calculated by the fully non-linear forward model best matches the measured cross spectrum.
Validation and intercomparison for PARSA scheme results and WVW products
In this section, validation procedures and results for the PARSA scheme are presented. Integral wave parameters derived from inverted two-dimensional wave 4976 X. Li et al.
spectra by using the PARSA scheme are compared to in situ buoy measurements and results from the ECMWF reanalysis wave model and the DWD forecast wave model. ASAR WM WVW products are also validated for comparison in the present study. Three individual PARSA spectra chosen from different sea states are compared to the WVW wave spectra and the collocated ECMWF wave model spectra to demonstrate the differences of inverted wave spectra from the ASAR WM data by using the two schemes.
Validation of integral wave parameters retrieved by PARSA and WVW
The integral wave parameters, e.g. SWH, T m02 and H 12 , can be derived from the estimated two-dimensional ocean wave spectra by:
H 12 , given in (11), is associated with wave components with wavelengths longer than 220 m in deep water. Such waves are easily detectable as patterns on the ASAR images.
To quantify the differences between ASAR measurements Y i and observations X i (buoy or numerical model), bias, root-mean-square-error (RMSE) and the scatter index (SI) are used. The bias is removed when determining the SI calculation, as shown in (12): The comparison shows that the PARSA results have better agreement with the ECMWF reanalysis wave model results than with those of the DWD model; the SI is lower than 10% and the RMS error is 0.25 m, which might be because PARSA uses the ECMWF model results as prior information. As the DWD wave model is independent of SAR and RA information, comparison to this model gives an independent assessment for the PARSA inversion scheme.
One interesting point is that the SWH derived from PARSA spectra is substantially higher than values obtained from both wave models in high sea states. Due to the figure 4 ), it is difficult to judge the quality of PARSA retrieval and the numerical wave model under this situation. Therefore, we use another independent measurement from RA for our comparisons. Figure 6 (a) and (b) shows the PARSA SWH compared to the cross-over measurements of GFO and JASON, respectively. The distance between ASAR WM and RA less than 100 km and a collocation time less than 1 h are taken to be as the criteria for collecting cross-over measurements. Both comparisons show that SWH inverted by the PARSA scheme corresponds very well to the RA measurements. The SI is only 13% and 12% for comparisons to GFO and JASON, respectively. Although there are few match-up data entries in high sea state, we still find that inverted SWH by using the PARSA scheme yields results very similar to GFO and JASON measurements when SWH is above 8.0 m. An extended dataset is needed for further validation for cases of extreme sea state. As SAR images particularly long waves, we extract the swell wave height from the inverted PARSA spectra for our tests. Figure 7 shows a comparison of PARSA H 12 to the results from the ECMWF numerical wave model. The RMSE is 0.26 m and the SI is 24%. When the swell height is greater than 6 m, the inverted H 12 is generally higher than the hindcast of the ECMWF wave model.
The comparison of PARSA T m02 with values from the ECMWF wave model is shown in figure 8 . The inverted mean wave period has a reasonably good agreement with the results of the wave model. The bias is 0.08 s and the SI is only 6%. The lowest mean wave period retrieved by PARSA is around 3 s, which corresponds to a wavelength of 15 m in deep water. One can observe many entries showing a higher estimation of mean wave period in PARSA than in the ECMWF wave model results in the range of 5-10 s. Figure 9 (a) and (b) shows the comparison of mean wave frequency and mean wave direction between PARSA spectra and ECMWF wave model spectra. The comparison of mean wave frequency shows reasonably good agreement with a very small bias of -0.001 Hz and an SI of only 6%. The mean wave direction also shows overall agreement with the model results, although there are quite a number of cases with large differences. This might be due to the 'instantaneous effect' for sea surface SAR imaging; ASAR acquires one imagette in every 100 km along its orbit during a very 
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short period of time, which indeed shows the natural variability of surface waves, particularly when it comes to wave direction. In comparison, models provide a smooth forecast or hindcast result over a period of 3 or 6 h. Integral wave parameters derived from the retrieved two-dimensional ocean wave spectra by the non-linear PARSA scheme are presented above. We also extract the sea 
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state parameters from the provided WVW products during the same period (December 2006 to February 2007 to validate the existing scheme in order to derive ocean wave spectra from the ASAR WM data.
Validation of ASAR WM WVW product.
In this section, ENVISAT ASAR WVW products are compared to numerical wave models and in situ measurements to demonstrate the benefits of PARSA with respect to the currently available operational WVW products. The WVW two-dimensional ocean wave spectra are provided on a log-polar grid with 24 wavelengths and 36 directions. They are intended to deliver particularly precise information for long waves within the cut-off of the spectrum. Thus, the swell wave height H 12 is also used for assessment here. A plot of the SWH of WVW products against in situ measurements is shown in figure 10 . A negative bias of 0.22 m, an RMS error of 0.96 m and a SI of 33% are found in the comparison. When compared to results from the numerical wave models, i.e. the ECMWF and DWD models, the negative bias of around 0.2 m also indicates low estimation of SWH integrated from the WVW wave spectra, as shown in figure 11(a) and (b).
In figure 12 , H 12 values extracted from the WVW product are compared to values from the ECMWF wave model. The SI increased to 43%, whereas the RMSE reduces to 0.48 m and a positive bias of 0.11 m is achieved in the comparison. It could be argued that the WVW results are only useful for the long wave information resolved by the ASAR sensor. Nevertheless, as evident from the H 12 comparison shown in figure 12 , the existing high level WM product (WVW) still cannot provide reliable sea state estimations of swell wave height in many cases, even for waves already longer than 220 m.
The dataset used in the validation of WVW products is the same as the one used to validate the PARSA scheme. However, the data entries in figures 10-12 are fewer than 
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the entries used in figures 4-6. These cases, in which the WVW products are not available (i.e. cannot provide sea state measurements), are excluded from the validations. Furthermore, considering all the comparisons of wave height (total sea and swell part) derived from the WVW product and PARSA spectra, one can find an obvious underestimation (or saturation) of SWH provided in the WVW product, particularly when SWH is above 5 m. 
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The validation of integral wave parameters derived from WVW spectra shows that there is a significant limitation for the WVW algorithm. The inverted wave spectra are limited to the SAR cut-off wavenumber domain, not the full two-dimensional ocean wave spectra. Therefore, this results the integrated wave parameters in a significant underestimation, particularly in high sea state, e.g. when SWH is above 5 m or wind speed . 10 m s -1 . This saturation effect is mainly caused by the azimuth cut-off, which is closely related to the local wind speed and wave height.
Using prior information from numerical wave models, the PARSA scheme can yield the full two-dimensional ocean wave spectra and retain the consistency with the results of numerical wave model. On the other hand, the ocean surface wave information contained in SAR blends well into the retrieved spectra.
4.1.3
Comparison to the empirical algorithm CWAVE_ENV. The validation of the non-linear PARSA inversion scheme and the existing ASAR WM WVW product has been demonstrated above. If one is considering the derivation of integral wave parameters directly from ASAR wave mode data without using prior information, the empirical algorithm CWAVE_ENV is suitable (Li, 2010) . Validation of the CWAVE_ENV empirical algorithm shows a bias of 0.05 m, RMSE of 0.72 m and SI of 24% when compared to the in situ buoy measurements with the same dataset for the PARSA and WVW scheme validation.
In this section, SWH and T m02 derived from the PARSA and CWAVE_ENV algorithms are compared. Scatter diagrams in figure 13(a) and (b) present results for the comparisons of SWH and T m02 , respectively. One can observe that the empirical algorithm CWAVE_ENV yields a reliable estimation of sea state even without first guess information. SWH derived from the PARSA inversion shows a higher estimation than the results of CWAVE_ENV in extremely high sea states, e.g. SWH higher than 10 m. For extreme sea state, validation of both SAR algorithms is needed as different SAR algorithms and models all behave quite differently. More differences are observed in the comparison of mean wave period derived using both SAR algorithms as shown in figure 13(b) . T m02 estimated by using the PARSA algorithm is higher than the ones estimated by the CWAVE_ENV algorithm, particular in the period range of 5-10 s. This result is similar to the comparison shown in figure 8 , in which the period derived by PARSA is also higher than the model's results.
Comparison of individual two-dimensional ocean wave spectra
Both inversion schemes, PARSA and WVW, are used in retrieving two-dimensional ocean wave spectra from SAR WM data. The quality of the inverted two-dimensional wave spectra has been assessed based on the integrated wave parameters. In this section, a case study is presented with the aim of demonstrating the differences between individual inverted spectra and the collocated wave model spectra.
In figure 14 , SWH at 9:00 UTC given by the DWD global forecast wave model on 4 Respective two-dimensional ocean wave spectra retrieved from the three ASAR imagettes, as well as the wave spectra derived from the ECMWF reanalysis wave model used as prior information for PARSA scheme, are shown in figure 15(a) , (b) and (c), respectively. The retrieved PARSA spectra are consistent with the prior wave model spectra. In the retrieved PARSA spectra, compared to the prior model spectra, the adjusted wave energy, wavelength and propagation direction, as well as the directional spreading can be observed. For ASAR imagette A, two swell systems with peak wavelength of 200 m and 300 m are resolved by the ECMWF reanalysis wave model. The later swell system with higher energy is adjusted by the PARSA inversion scheme to an increased wavelength of around 400 m. The energy adjustment causes the model's SWH of 6.8 m to increase to 7.6 m by the PARSA scheme. With respect to ASAR imagette B, it appears that the SWH increases only slightly from 5.5 m (ECMWF) to 5.8 m, as given by the PARSA result. ASAR imagette C is located in the region with a mixed sea state. Four wave components travelling in different directions are observed in wave spectra. Peak wavelengths for these subsystems are all increased by the PARSA inversion, while the SWH remains consistent for the total sea as compared to the prior information. From a comparison of the three examples, it can be generally concluded that the PARSA scheme blends the ASAR observations into the prior information in a homogeneous way with adjustments for partitioned wave systems. These adjustments increase with the sea state; for example, the adjustment for the energy is especially high in high sea states.
The ocean wave spectra derived from ASAR wave mode WVW products are obviously limited to the ASAR cut-off wavenumber, i.e. short wave information is missed in the azimuth direction. Only the long wave information contained in the ASAR image is retrieved. On the other hand, it can observe that artificial effects of SAR ocean wave imaging are also visible in the cross spectra; these need to be addressed when using the SAR look cross spectra to resolve the direction of wave propagation. 
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Through the comparison of individual wave spectra, one can generally conclude that the shape of individual spectra differ somewhat between the PARSA spectra and the ECMWF numerical wave model spectra. Differences also arise in peak wavelength and wave direction, as well as in spectral width, although the sea state parameters integrated from these spectra may have good agreement.
Summary and conclusions
Two schemes, PARSA and WVW, aiming at the retrieval of two-dimensional wave spectra from ASAR WM data are validated using the data acquired from December 2006 to February 2007 and during one additional month in May 2007. Both schemes use the same inputs, ASAR WM level-1b WVS product (i.e. the SAR cross spectra), for inversions. We compare the integrated wave parameters in terms of SWH (for total sea and swell), T m02 , mean wave direction and frequency, to in situ measurements, results from the numerical wave models, and measurements of RA. Individual wave spectra acquired in different sea states are also examined to demonstrate differences in the shape of spectra between SAR inverted and hindcast wave model. The following conclusions may be drawn from the validation study:
(1) The PARSA scheme is proposed for deriving full two-dimensional ocean wave spectra from the SAR WM data. The integrated wave parameters from PARSA spectra, e.g. SWH for total sea, T m02 , mean wave direction and mean wave frequency, are used to assess the quality of the inverted spectra. A summary of the statistical parameters obtained in these comparisons given in table 1 (second row), in terms of SWH. Validation shows that stable SWH are achieved using the PARSA inversion scheme. Comparisons to in situ buoy measurements and to results from the DWD forecast wave model allow for independent assessments. Both comparisons show that the bias is negligible, with SI of 21% and 16%, respectively. The available high level wave product of ASAR WM data, WVW, can only achieve wave measurements resolved within the SAR cut-off. Therefore, the integrated wave height from the WVW product is significantly underestimated and scatter indices are higher than 30%. For this study, we did not use any restrictions in filtering WVW products from the validation dataset. It must be noted the different filters, e.g. the wave height filter: difference between observed SWH and model SWH less than 5.0 m as used by Li and Holt (2009) , the wind speed filter: wind speed less than 8 m s -1 in Collard et al. (2009) , and probably some other filters not mentioned (Johnson et al. 2002) , have a profound influence on the statistics. In addition to the wave height and wave period, we also compare the mean wave direction extracted from the PARSA spectra to the results of the ECMWF model. Dominant entries show agreement of mean wave direction between the PARSA spectra and the reanalysis of ECMWF wave model, although there are a number of cases presenting differences of more than 90 . The sea surface is recognized mathematically as the sum of individual waves travelling in different directions, which vary constantly. ASAR WM measurements are acquired every 100 km along the orbit, which represent instantaneous sampling over the sea surface, whereas the model provides a homogeneous sea state. This may explain the differences between ASAR observations and models and may also indicate the natural variability of ocean waves.
(2) We further examine the swell wave height, H 12 , extracted from the WVW products. However the comparison also reveals a significant underestimation for swell wave height, as shown in figure 10 . A similar result is achieved in assessment of long-term quality, as validated in the ECMWF (Abdalla et al. 2008) . (3) Saturation of SWH estimated by the WVW product is most likely caused by the cut-off effect of SAR imaging of ocean waves. This effect limits the inverted WVW spectra to the cut-off; however, this parameter (cut-off wavelength), relates to local wind speed, as well as sea state, which in turn can be used to retrieve wind speed or wind sea information. This is a reasonable explanation as to why the CWAVE_ENV algorithm can yield full sea state measurements even without using prior information, as presented in §4.2.4. (4) It should also be noted that currently, the in situ dataset does not contain any data from the Southern Hemisphere, where high sea states are observed in large regions throughout the year and where the PARSA scheme can particularly improve knowledge of ocean surface waves. Another issue addressed was the fact that most of the buoys are close to the coast and are therefore not fully representative of the sea state (in particular for storm events) in the open ocean. One strategy presented is the use of matched-up altimeter measurements. We conducted the comparison of the PARSA SWH to the cross-over measurements derived from the JASON and GFO altimeters. The PARSA SWH achieved very good agreement when compared to GFO and JASON, with SI of only 13% and 12%, respectively. (5) In addition to the comparisons of SWH, we also conduct comparisons of mean zero upcrossing wave period, mean wave frequency and mean wave direction. Higher estimation is observed in the inverted PARSA T m02 when compared results of the ECMWF reanalysis wave model and the CWAVE_ENV algorithm. Further comparisons to in situ buoy measurements are needed for validating the SAR algorithms to derive mean wave period. (6) Comparison of individual inverted two-dimensional wave spectra by the PARSA inversion to the ECMWF wave model spectra indicates that the inverted PARSA spectra do well at blending the SAR information into the prior wave model results, leading to the adjustment in the wave direction, and wavelength as well as wave energy. This change increases with sea state, which is especially obvious for the wave height.
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In the present study, the ECMWF reanalysis wave model assimilated with wave observations is used as the first guess information for the PARSA inversions. In further work, a forecast wave model without assimilated wave observations (e.g. the DWD forecast wave model), used as the priori will be considered.
The names, latitudes and longitudes of buoys used for validation are given in table A1. The positions of the buoys are shown in figure A1 . Table A1 . Names, latitudes and longitudes of buoys used for validation, corresponding to the red cross marks shown in figure A1 . Figure A1 . Location of collocated buoys used for CWAVE_ENV model validation.
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